Global agriculture is under pressure to meet increasing demand for food and agricultural products. There are several global assessments of crop yields, but we know little about the uncertainties of their key findings, as the assessments are driven by the single best yield dataset available when each assessment was conducted. Recently, two different spatially explicit, global, historical yield datasets, one based on agricultural census and the other largely based on satellite remote sensing, became available. Using these datasets, we compare the similarities and differences in global yield gaps, trend patterns, growth rates and changes in year-to-year variability. We analyzed maize, rice, wheat and soybean for the period of 1981 to 2008 at four resolutions (0.083˚, 0.5˚, 1.0˚and 2.0˚). Although estimates varied by dataset and resolution, the global mean annual growth rates of 1.7-1.8%, 1.5-1.7%, 1.1-1.3% and 1.4-1.6% for maize, rice, wheat and soybean, respectively, are not on track to double crop production by 2050. Potential production increases that can be attributed to closing yield gaps estimated from the satellite-based dataset are almost twice those estimated from the census-based dataset. Detected yield variability changes in rice and wheat are sensitive to the choice of dataset and resolution, but they are relatively robust for maize and soybean. Estimates of yield gaps and variability changes are more uncertain than those of yield trend patterns and growth rates. These tendencies are consistent across crops. Efforts to reduce uncertainties are required to gain a better understanding of historical change and crop production potential to better inform agricultural policies and investments.
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Introduction
The demand for crops is anticipated to double by 2050, putting more pressure on global agriculture to achieve the production goal [1] . Climate change has already added burdens for crop production [2] . To address these challenges, several studies have presented global assessments of the yield gaps [3] , yield trend patterns [4] , yield growth rates [5] and changes in year-to-year yield variability [6] . However, we know little about the uncertainties in the estimated potentials and changes in global yields because they were driven by the single best available yield dataset when each study was conducted. An uncertainty analysis comparing different datasets is available for yield gaps [7] and other variables [8] . Understanding which countries have production potentials and/or difficulties in recent yield growth and stabilization, with uncertainty due to multiple datasets, will help improve government agricultural policies as well as investment strategies.
For earlier assessments, either of two different global, historical yield datasets is utilized. One is compiled by Ray et al. [4] (referred to as the R12 dataset), which is a crop yield and area harvested database covering~2.5 million statistics in~13,500 political units globally from 1961 to 2008. The other is described by Iizumi et al. [9] (referred to as the I14 dataset) and is a hybrid of national yield statistics reported by the Food and Agriculture Organization of the United Nations (FAO) and a satellite-derived crop-specific vegetation index. The I14 dataset initially covered the period 1982 to 2006 with the grid size of 1.125˚and extended to cover the period 1981 to 2011 [6] . Both datasets cover four major crops-maize, rice, wheat and soybean-which together account for two-thirds of the world's food calories.
The datasets have their respective advantages and limitations. For instance, although gridcell yield data are available in the R12 dataset, their spatial representativeness is not uniform across grid cells because data in some regions are based on national statistics, whereas those in other regions are based on subnational statistics. The extent of area is largely different from one political unit (or census unit) to another. In contrast, the I14 dataset is thought to have more "consistent" spatial representativeness of yields across grid cells owing to the use of satellite data. However, grid-cell yields in the I14 dataset are modeled data and those in minor crop-producing regions could be less reliable than in major crop-producing regions due to the inherent limitations of satellite remote sensing in capturing crop status in areas where crop is sparsely grown. The resolution of the I14 dataset is higher than that of the R12 dataset when the R12 dataset uses national census data, although the quality of grid-cell yield data of the I14 dataset varies by the extent of cropland within a grid cell. Therefore, a consistent result across the two datasets improves the reliability of assessment results.
It is therefore useful to address whether findings of earlier studies derived from one single dataset are robust when another dataset is analyzed. Such a practice improves our understanding of uncertainties in estimated potentials and changes in global yields. Furthermore, the difference in spatial resolution is an important aspect that differentiates the datasets. It is well documented that use of yield datasets with different resolutions often leads to different conclusions [10, 11] . We therefore compared the datasets at four different resolutions (0.083˚, 0.5˚, 1.0˚and 2.0˚). A simple comparison of the datasets is in part presented in Elliott et al. [12] , but no in-depth comparison has yet conducted. We present the first assessment using the two datasets at several resolutions to examine whether the findings of earlier studies on yield gaps [3] , trend patterns [4] , growth rates [5] and variability changes [6] are robust when using different datasets and resolutions.
Materials and methods

Yield datasets
Two yield datasets-the R12 dataset [4] and an updated version of the I14 dataset [6, 9] -were used. The I14 dataset covers from 1981 to 2011, whereas the R12 dataset covers from 1961 to 2008. Our intercomparison thus uses the data for the common 28-yr period (1981 to 2008). The spatial aggregation was conducted for each dataset to provide coarser-resolution datasets at the 0.5˚, 1˚and 2˚resolutions from the 0.083˚-resolution datasets. See text S1 for details of the 0.083˚-resolution I14 dataset. Historical harvested area was considered as the weight for the R12 dataset when conducting the spatial aggregation, whereas the harvested area in 2000 [13] was used for the I14 dataset throughout the studied period.
Methods
Yield gaps were estimated according to the method of Mueller et al. [3] . Yield trend patterns and growth rates were categorized according to the method of Ray et al. [4] and Ray et al. [5] , respectively. Changes in yield variability were classified as by Iizumi and Ramankutty [6] . Details are given below.
Yield gaps. Yield gaps are estimated as a percentage of attainable yield achieved circa the year 2000 (1997-2003) . Attainable yields are assumed as the upper limit of yields likely achievable using current agronomic technology and management. They are more conservative than biophysical limits of yields and are determined by identifying high-yielding areas within bins of similar climate [3] .
We recalculated the attainable yields for the R12 and I14 datasets because they seemed to be sensitive to the yield data used for the calculation, and the attainable yields used in Mueller et al. [3] were calculated based on M3-Crops data [13] . We first calculated the average yields in 1997-2003 to represent actual yields circa the year 2000. Then, grid-cell yields across the world located within the same climate bin were collected, and the value of the 95 th percentile of the data was used as the attainable yield for a given climate bin. This calculation was repeated from one climate bin to another to complete all climate bins in which a crop of interest is harvested. The calculated attainable yields at a resolution of 0.083˚were aggregated to coarser resolutions using the harvested areas in 2000 [13] as the weights to estimate yield gaps at coarser resolutions. The climate bin definitions used here are identical to those of Mueller et al. [3] . The yield gaps presented in Mueller et al. [3] are shown as a reference in our intercomparison. Those calculated using the spatial production allocation model (SPAM) yield data [14] are also used as a reference. Yield trend patterns. Ray et al. [4] categorizes global yield trends into four patterns: (1) yield never improved-areas that have witnessed no significant yield increases to date; (2) yield stagnated-areas where yields previously improved but are stagnating or declining over recent years; (3) yields collapsed-areas where yields decreased since the beginning of a studied period or initially increased and then decreased to the starting level in that period; and (4) yields still increasing-areas where yields increased at various rates throughout the time period. The last category was further divided into three subcategories, yields increasing rapidly, yields increasing moderately and yields increasing slowly, based on average yield growth rates in .
The distinction between these yield trend patterns is guided by the type of regression model selected. Although we followed the method described by Ray et al. [4] , our analysis used a shorter yield time series than Ray et al. [4] . We fitted an intercept-only model, linear model, quadratic model and cubic model to the yield time series at each grid cell and selected a single model that fit the best to the data in terms of the Akaike Information Criterion. If an intercept-only model fit best, it indicates that yields never improved. A linear model with positive slope indicates that yields are still increasing, whereas a linear model with negative slope shows that yields collapsed. If the selected model was quadratic, a positive quadratic term indicates that yields are increasing. In contrast, a negative quadratic term indicates that the yield trend has a year at which the yield peaked. When the year at which the yield peaked was beyond the year 2010, it indicates yields are still increasing. However, the model indicates that yields are stagnating when the year at which the yield peaked was 2010 or before. Furthermore, the pattern could be recategorized to be yields collapsed if the mean yield in 2001-2008 was lower than that in 1981-1990. Although Ray et al. [4] compared yields in the 1960s and 2000s, we used yields in the 1980s in this study instead of those in the 1960s. If the selected model was a cubic model, we calculated the year when yield improvement started (i.e., the inflection point) as well as the year of yield maximum using yields for 1981-2012 estimated using the regression curve. When the year at which the yield peaked was 2010 or before, it indicates that yields are stagnating. When the yield peaked after 2010, we classified those areas as yields are increasing. As in the quadratic case, when the average yield in the 2000s was lower than that in the 1980s, we classified those areas as yields collapsed. Although different categories of yield trend patterns were proposed by Grassini et al. [15] , the purpose of this study is to repeat the analysis of earlier studies using different datasets and resolutions; thus, we followed the categories used by Ray et al. [4] as closely as possible.
Yield growth rates. The percentage rates of average yield growth for the past 20 years (1989-2008) were calculated by fitting a linear regression curve to yield a time series over that period, as was done by Ray et al. [5] , for each dataset and resolution. Then, we calculated possible production increases by 2050, relative to 2008, from the recent growth rates. We used the growth rates presented by Ray et al. [5] as a reference.
Yield variability changes. Although an earlier study [6] used combinations of two different yield detrending methods and two different measures of yield variability change to take methodological uncertainty into account, we selected a single combination for this study. This is because the methodological uncertainty is rather small in most cases [6] , and our focus here is to reveal the similarities and differences between different datasets and resolutions. The detrending method used here is a 5-yr running mean, and the measure used is the slope of a linear regression curve fitted to a 9-yr moving window standard deviation (SD) time series of percentage yield anomalies. Changes in the yield variability were categorized into four patterns: (1) yield variability significantly increased, (2) yield variability insignificantly increased, (3) yield variability significantly decreased and (4) yield variability insignificantly decreased. The significance was estimated using bootstrap resampling over all samples with a 5% confidence level, as was done by Iizumi and Ramankutty [6] . The yield variability changes presented in an earlier study [6] are used as a reference.
Results
Yield gaps
For the four crops, the major geographical patterns of average yields (represented by a percentage of attainable yield) calculated using the R12 and I14 datasets showed a close match with the references [3, 14] and each other (Fig 1 and Figure A in S1 File). However, differences between the datasets were found for some regions. For maize, such regions included the western part of the United States (US) and the northern part of China. The average yields in the US were 87% and 63% of the attainable yields in the R12 and I14 dataset, respectively (Figure B in S1 File). The corresponding values were 54% and 49% in China. For soybean, rice and wheat, a similar level of correspondence with maize was found, although contrasting results between the datasets appeared for rice in Japan (the country average yield was 91% and 32% of the attainable yields in the R12 and I14 dataset, respectively) and the central part of China (84% and 56%) and for wheat in the western part of the US (56% and 48%), the northwestern part of Mexico (81% and 44%) and the northeastern part of China (71% and 53%). These contrasts were persistent across the resolutions but diminished to some degree when the spatial aggregation was conducted (Figure C in S1 File). Differences in global production increases from closing yield gaps to 100% of attainable yields between the two datasets were surprisingly large. The production increases calculated using the I14 dataset were almost double of those derived from the R12 dataset (Table 1) . We found that the empirical cumulative distributions of average yields calculated using the I14 dataset had longer tails than those computed from the R12 dataset and references ( Figure D in S1 File). Attainable yields (represented by the value of the 95 th percentile of the grid-cell yields per climate bin) calculated using the I14 dataset were thus far larger than those calculated using the R12 dataset. As a result, the percentages of average yields for the globes and major producers, relative to attainable yields, estimated using the I14 dataset were almost always smaller than those estimated using the R12 dataset ( Figure B in S1 File). The differences in resolution played a minor role in the uncertainty of the yield gaps.
Yield trend patterns
The major geographical characteristics of yield trend patterns for the four crops calculated using the I14 dataset are similar (Fig 2) . This tendency was consistent across the different resolutions (Figure E in S1 File). Good agreement between the datasets was found for major producers in most cases, including maize and soybean in the US, Brazil and Argentina; rice in India; and wheat in the US, France and Australia. However, differences between the datasets emerged for some major producers, such as China. In the 0.083˚-resolution datasets, wheat yields over the northeastern part of China increased rapidly in the R12 dataset, but the I14 dataset showed that yields in that region stagnated, never improved or even collapsed (Fig 2) . In addition, the R12 dataset showed that wheat yields stagnated over Ukraine, whereas the I14 dataset depicted contrasting yield trend patterns between the western part (yields collapsed) and eastern part (yields stagnated) of that country. For soybean, the R12 dataset showed that yields in South Africa stagnated or increased rapidly, whereas the I14 dataset depicted that yields in most parts of that country never improved. Yield trend patterns derived from the R12 dataset clearly varied from one political unit to another (that is, country in this case), as seen for maize in Africa, whereas the I14 dataset showed more detailed geographic pattern within countries (Fig 2) . Ray et al. [4] conclude that, although yields of the four crops continue to increase in many areas, yields across 24-39% of maize-, soybean-, rice-and wheat-growing areas are not improving, stagnated or have collapsed. Our analysis corroborated that yields are increasing in many more areas than where they are not increasing, although the extent of areas varied by dataset and resolution in absolute terms (Table 2 ). For instance, the wheat-growing areas where yields are not increasing (33-36%) were comparable to those where yields are increasing (35-54%) in the I14 dataset at finer resolutions. However, in the R12 dataset, the former areas (60-61%) were always larger than the latter areas (39-40%) regardless of the resolution.
Yield growth rates
The uncertainties in yield growth rates associated with different datasets and resolutions were small. The major geographical patterns of yield growth rates derived from the datasets were similar (Fig 3 and Figure F in S1 File). Among the four crops, the recent rate of global mean yield growth was the most rapid for maize and the slowest for wheat (Table 3) . These tendencies were common across the datasets and resolutions and are comparable to the reference [5] . However, in the R12 dataset, the yield growth rates of rice (1.5% yr -1 ) were comparable to those of soybean (1.5% yr -1 ), whereas rice yields increased more rapidly (1.7% yr -1 ) than soybean yields (1.5-1.6% yr -1 ) in the I14 dataset regardless of the resolution. These tendencies were different from that given in the reference [5] . a Yields not improving (= yields never improved + yields stagnating + yields collapsed). b yields improving (= yields increasing rapidly + yields increasing moderately + yields increasing slowly). For both datasets, our estimates of yield growth rate were always more rapid than those of earlier work [5] (Table 3) . As a result, anticipated production increases by 2050 estimated using the R12 and I14 datasets were larger than those of the reference [5] but similar to each other (Table 4 ). We found that the conclusion of earlier work [5] (that recent yield growth rates of the four crops are far lower than the required rates to double their production by 2050 solely from yield growth) is robust against the use of different datasets and resolutions, although uncertainties in absolute terms persistently existed.
Yield variability changes
The major geographical patterns of yield variability change across the datasets were generally similar (Figure G in S1 File), although different datasets sometimes depicted different yield variability changes. For instance, wheat yield variability in the northeastern part of China increased in the R12 dataset, whereas yield variability in that region decreased in the I14 dataset (the average yield variability over China increased at a rate of 0.003%SD yr -1 in the R12
dataset and decreased at a rate of 0.005%SD yr -1 in the I14 dataset at 0.083˚resolution). Such contrasts across the datasets appeared for maize in the northwestern part of Mexico, soybean in the southeastern part of the US and rice in the northeastern part of China ( Figure H in S1 File). Different resolutions could lead to contrasting conclusions on yield variability change. The comparison between the 0.083˚-and 2˚-resolution I14 datasets constituted an extreme case. In the fine-resolution I14 dataset, the areas with contrasting changes in wheat yield variability were comparable: wheat yield variability significantly increased and decreased across 19% and 18% of the harvested area, respectively (Fig 4) . In contrast, the coarse-resolution I14 dataset showed that wheat yield variability significantly decreased in many more areas (30%) than where it increased (16%). Similarly, in the 0.083˚-resolution R12 dataset, the areas with a significant decrease and increase in the rice yield variability comprised 16% and 34% of the total area, respectively; this led to the interpretation that rice yield variability increased in many more areas that where it decreased. However, in the 2˚-resolution R12 dataset, the corresponding values were 25% and 30%, leading to the interpretation that the areas with contrasting changes are comparable. A similar case was found for the maize yield variability change between the 0.083˚-and 2˚-resolution R12 datasets. As summarized in Table 5 , we found that the conclusion of earlier work [6] (that while a decrease in yield variability is the main trend worldwide across crops, yields in some regions of the world have become more unstable) was robust for maize and soybean. For rice and wheat, however, the conclusion on yield variability changes is sensitive to the choice of dataset and resolution. Uncertainties of potentials and recent changes in global yields
Discussion
The correspondence between the datasets at finer resolutions is the highest for yield growth rates, followed by yield gaps and distantly followed by yield variability changes. The close match in yield growth rates at grid-cell levels is not surprising. In the I14 dataset, the main source of information on yield trend is derived from FAO data, which is generally calculated from the subnational data on which the R12 dataset is based. Satellite data used in the development of the I14 dataset contributes to spatial variation in yields within a country more than adjusting yield trends at grid-cell levels. The same reason explains why the datasets match well in terms of yield trend patterns. With high agreement, our results corroborate the reported yield stagnation in some developed countries: wheat in France, Germany and United Kingdom and maize in Italy [15] [16] [17] . It is robust that average yield growth in high income countries where current yields are close to the attainable yields is slower than in lower income countries for most cases with exception of maize (Fig 5) . It also suggests that yields in low income countries could potentially increase more rapidly at rates observed in upper-and lower-middle income countries. The differences in estimated grid-cell yield gaps between the datasets are large (Figure C in S1 File). These lead to differences at the country scale, as shown earlier (e.g., rice in Japan). This is likely due to two reasons. One is that the I14 dataset has higher mean values ( Figure D in S1 File). The other is an effective difference in the nature of the yield gap calculated based on each dataset. Yields in the R12 dataset are based on average yields of census units, thus the empirical analog method of Mueller et al. [3] approximates the best yield observed in a census unit. The I14 dataset has yields that reflect the grid-cell-scale variability. Thus, application of the method of Mueller et al. [3] to the I14 dataset leads to attainable yields that are an approximation of the best yield observed in a grid cell. Because yields at finer scales can be higher than area-averaged yields [18, 19] , it is not surprising that the yield gaps based on the I14 dataset are larger than those based on the R12 dataset. Since the I14 dataset could capture yields at finer scales, it leads to attainable yields closer to an agronomically attainable potential yield in contrast to calculations based on subnational statistics. Which approach is more useful depends on the application-while agronomic potential yield is a useful concept, the factors that lead to high-yielding points at grid scale can not necessarily be translated to a larger scale [20] .
The correspondence in estimated grid-cell yield variability changes between the datasets is lower than that in yield growth rates and yield gaps. If we compared the grid-cell yield variability changes of soybean and rice between the 0.083˚-resolution datasets, it is found that gridcell yield variability changes in the I14 dataset varies, whereas those in the R12 dataset are identical ( Figure I in S1 File) . The yield variability changes across grid cells within a political unit are identical in the R12 dataset, but not in the I14 dataset because yields in the I14 dataset Uncertainties of potentials and recent changes in global yields reflect grid-cell-scale variability. Although there is room for further study to better attribute the poor correspondence between the datasets at 0.083˚resolution, the spatial aggregation ameliorates this type of error by smoothing the finer-scale spatial variations in a variable of interest and leads to better correspondence between the datasets. Importantly, the benefit of spatial aggregation is consistently found not only for yield variability changes but also yield gaps and yield growth rates. Although the certainty is higher at a country level than the gridcell level, no clear relationship between yield variability change and income level is found for maize and wheat, although yield variability of soybean and rice more rapidly decreased in lower income countries than in higher income countries (Fig 5) . Uncertainties of potentials and recent changes in global yields
Our intercomparison highlights the relative advantages and limitations of the individual datasets, which have implications for improving the datasets and ultimately reducing the uncertainties. As already noted, the limited spatial coverage is a limitation of the I14 dataset. This is sourced from crop calendar data used in the algorithm to develop the I14 dataset [9] (i.e., Sacks et al. [21] ), which covers only 76-92% of the global harvested area. Although the Monthly Irrigated and Rainfed Cropland Area around the year 2000 data [22] is another major crop calendar data, no separation of growing seasons of a crop (e.g., winter and spring wheat) is available. This precludes its use in the current algorithm. Another limitation of the I14 dataset is the use of time-constant information on harvested area [13] . Sizable differences in regional average yields are observed between use of dynamic and time-constant harvested area [23] . Satellite remote sensing is useful to derive historical map of cropland [24] , but still difficult to differentiate areas where a specific crop is grown. The use of time-constant production shares by season in the 1990s [25] is also a limitation of the current algorithm. There are well-documented rationales showing that some regions of the world have experienced drastic change in production shares across seasons (e.g., maize in Brazil [26] ).
In contrast, the R12 dataset relies on national and subnational census data, which are a reliable source of information, although there are both quality-and quantity-related problems for some regions, particularly Africa [24] . The R12 dataset covers a longer period than the I14 dataset, but no separation of cropping seasons is available in the R12 dataset.
Our intercomparison reveals that the I14 dataset is capable in capturing spatial variations in yields across grid cells located within a census unit. This leads to an idea that grid-cell yield estimates would become more accurate if subnational yield statistics are used in the algorithm instead of FAO national data. A new hybrid dataset that could be developed by applying the algorithm of Iizumi et al. [9] to the R12 dataset can also incorporate historical change in harvested area into account. Wheat production is commercialized in many regions of the world and there are few subsistence growers compared to other crops with some exceptions in Africa, leading to differences in yield at a finer scale. To address such issues, information on yields in different cropping systems, for instance, irrigated or rainfed and high or low inputs [14] , and farm field size [27] might be useful.
There is room for further study. Neither climate-yield relationships nor their historical changes are compared in this study, although earlier studies [6, [28] [29] [30] [31] [32] present such assessments using a single dataset. An intercomparison in this regard is worthwhile as a future effort. Different spatial aggregation methods are available to upscale yield data [33, 34] but are not considered here.
Conclusions
This study presents, for the first time, the uncertainties in estimates of yield gaps, trend patterns, growth rates and variability changes at the global scale associated with different yield datasets and resolutions. The uncertainties vary by variable and crop. The satellite-based I14 dataset indicates larger yield gaps and hence larger potentials for yield improvement than the census-based R12 dataset. Differences in resolution contribute relatively little to the uncertainties in the yield gaps. In contrast, yield variability changes in rice and wheat are sensitive to the choice of dataset and resolution. Yield trend patterns and growth rates are robust across the different datasets and resolutions. Although such uncertainties persist, our analysis indicates that yield gaps in lower income countries are larger than in higher income countries, yield growth rates in middle income countries are higher than in higher and lower income countries, and yield variability changes seem to be more dependent on crop or country than on income level. 
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